Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen Zwecken und zum Privatgebrauch gespeichert und kopiert werden.
Introduction
Various decision-making institutions face a great deal of uncertainty regarding not only the future discourse of the economy but also regarding its current stance. The uncertain knowledge about the current state of economic activity stems from the fact that usually relevant economic data are only available with a significant delay. Up to date, a significant body of literature has evolved that attempts to reduce the uncertainty about current and future developments in economy by relying on coincident/leading indicators constructed on the basis of business (and/or consumer) tendency surveys. Business and consumer tendency surveys reflect an assessment of the current situation as well as recent and expected developments as perceived by businessmen and consumers, respectively. Due to the fact that their publication precedes that of economic data, they are readily available to decision makers and hence can be useful for an early assessment of the stance of the economy.
In this article, we investigate the usefulness of the business tendency surveys (BTS) collected at the KOF Swiss Economic Institute for short-term forecasting of employment in Switzerland. More specifically, we use the KOF Employment Indicator calculated on the basis of 19 various employment-related business survey indicators. The reference time series is the growth rates of the full-time equivalent total employment. Our aim is to assess predictive value 1 of the KOF Employment Indicator by comparing predictions of growth rates of employment produced with the model that includes the KOF Employment Indicator against those produced with a benchmark univariate autoregressive model. To this end, we compare accuracy of nowcasts made at the end of the current quarter as well as accuracy of one-quarter ahead forecasts measured against the first official release of the quarterly growth rates of total employment. The Swiss Statistical Agency releases total employment figures about two months later after the end of the reference quarter. This implies that our nowcasts precede the first official publication by two months and our one-quarter ahead forecasts-by five months.
Our study contributes to the literature in the following three ways. First, it is worthwhile mentioning that despite of the widespread use of business tendency surveys in forecasting, in most cases, the target variables for which forecast are made are either GDP or manufacturing/industrial growth rates (e.g., see Abberger, 2007a; Hansson et al., 2005; Lemmens et al., 2005; Balke and Petersen, 2002; Lindström, 2000; Kauppi et al., 1996; Öller and Tallbom, 1996; Bergström, 1995; Markku and Timo, 1993; Öller, 1990; Hanssens and Vanden Abeele, 1987; Teräsvirta, 1986; Zarnowitz, 1973, inter alia) . At the same time, the use of BTS for forecasting of employment growth rates has received a disproportionately little attention. To the best of our knowledge, there are only two academic studies that specifically address predictive content of BTS for forecasting employment. As early as in 1958, Hartle (1958) summarized the accuracy of employment predictions derived from the Employment Forecast Survey collected on behalf of the Canadian government for the period from 1946 until 1957. Unfortunately, it proved that these predictions were of questionable value and, as noted in Hartle (1958, p. 389 Abberger (2007b, p. 258) finds that "All methods indicate that the survey results are very useful for assessing actual employment changes, and they show that the survey-based indicator leads the actual employment by between two and four months". As it stands, the evidence on predictive value of BTS for employment remains inconclusive and anecdotal. Hence, there is a need for more case studies addressing this issue. This defines motivation for our study, which contributes to the literature by assessing the usefulness of BTS for short-run forecasting of employment growth rates in Switzerland. Naturally, our study represents the first attempt to carry out such exercise using the Swiss business tendency surveys.
Our further contribution to the literature constitutes the use of the real-time data set, i.e., for every point of time, we constructed data vintages of employment that reflect the available information at time of forecasting. The importance of using real-time data instead of latest-available data has been already emphasized in numerous studies as it has been shown, for example, by Diebold and Rudebusch (1991) and, more recently, by Croushore (2005) that the favorable conclusions on forecasting properties of leading indicator indexes obtained using latest-available data may be substantially weakened or even reversed when forecasting exercise is replicated using real-time data sets. Despite of advantages from using real-time data, their use in assessing the forecasting properties of leading indicator models is still limited as collection of such databases is rather a formidable task. Taking into account that Abberger (2007b) carries out his exercise with latest-available data, our study distinguishes itself by utilizing the real-time approach in assessing predictive value of business tendency surveys for employment.
Finally, we employ the Bayesian model averaging framework instead of relying on a single-best model approach based either on minimization of some information criteria or a more sophisticated model selection procedures, like PcGets advocated in Hendry and Krolzig (2001) , that is still a rather standard practice while forecasting with leading indicator models, e.g., see a seminal study of Stock and Watson (2002) or a more recent study such as Golinelli and Parigi (2008) . Advantages of Bayesian model averaging are well documented in practice (e.g., see Hoeting, Raftery, and Volinsky, 1999) . In forecasting context, such an approach allows us to incorporate the following three types of uncertainty in the models forecasts: error term uncertainty, parameter uncertainty, and model selection uncertainty. Observe that predictions based on a single model typically accommodate only the first and, at best, the second sources of uncertainty. At the same time, the third type of uncertainty is typically ignored in a single-best model approach. However, we believe that accounting for model selection uncertainty is especially important when dealing with realtime data vintages that often undergo (substantial) revisions inducing both changes in temporal dependence structure of a time series of interest as well as changes in interdependence structure between the variables.
Our main findings suggest that inclusion of the KOF Employment Indicator results in substantial improvement both in in-sample as well as, more importantly, in out-of-sample prediction accuracy. This conclusion holds both for nowcasts and one-quarter ahead forecasts. The rest of the paper is structured as follows. Section 2 describes the data used in our predictive exercise. The econometric model utilized in our study is described in Section 3. Section 4 discusses insample estimation results as well as results of the out-of-sample predictions. The final section concludes.
Data
The reference time series is the total employment expressed in full-time equivalent released at the quarterly This column also demonstrates the importance of services sector (labeled as 'DLU') in Swiss economy.
Unfortunately, in this sector the employment-related questions are only available since 2006Q4. Another important feature of our indicator is the presence of both monthly and quarterly survey indicators. However, to the former group belong only surveys collected in industrial 'IMT' and retail trade 'DHU' sectors. In aggregating from monthly to quarterly frequency we assumed that all monthly observations are available for a given quarter and the simple averaging of the respective values has been used for this purpose. The rest of surveys are collected at quarterly frequency. The full list of the respective survey indicators is given in Table 2 , which presents the latest composition of the indicator. For each sector we assigned an equal weight to the questions regarding assessment of current employment and its prospects for next three months. Observe that due to the fact for such sectors as construction, banking, and architects/engineers the question regarding the current employment assessment was not included in the respective questionaires it was substituted with assessment of current business situation. Similarly, the indicator on future employment prospects in hotels/restraurants has been substituted with expectations on future sales.
We perform our forecasting exercise in real time, i.e., at each of our forecasting vintages we strictly use only the information on employment as it was available at the time of forecast origin. For this purpose, we employ the vintages of the real-time data on total employment as well as its sectoral components starting Indicator in its most recent form, and a choice of extending the forecast sample several years earlier.
In the former case, we significantly shorten the forecast period, whereas in the latter case in evaluating the forecast accuracy we risk to put too much weight on the forecasts made ignoring developments in the service sector.
All the time series have been downloaded from the KOF Database.
Model
For our nowcasting and forecasting purposes we use the autoregressive distributed lag (ARDL) models in the following form:
and
respectively. In these equations, Y τ is the year-to-year quarterly growth rates of total employment observed in quarter τ . X τ is the KOF Employment Indicator computed in quarter τ . The structure of these two equations implies that the current growth rates of total employment is projected on own past values and the contemporaneous and past values of the KOF Employment Indicator in equation (1) and on own past values and the past values of the KOF Employment Indicator in equation (2). ε τ is a disturbance term satisfying usual model assumptions.
In general, an ARDL equation allows 2 k combinations of regressors, where k is the number of regressors except the constant term, which is always retained in estimation. Given such a multitude of equation specifications, we chose to conduct our exercise using the Bayesian model averaging (BMA) approach, rather than concentrating on a 'single-best' model approach. The BMA approach allows us to incorporate three following sources of uncertainty while making now-and forecasts: error term uncertainty, parameter uncertainty, and model selection uncertainty. Observe that predictions based on a single-model approach typically accommodate only the first and, at best, the second sources of uncertainty. Assessment of model uncertainty and, henceforth, its incorporation in the prediction process, per definitionen, is ruled out in the latter approach. The equation parameters have been estimated using the Monte Carlo Markov Chain simulation algorithm, which allows us easily to produce the finite-sample predictive densities, rather than those based on the asymptotic approximation. On the basis of these predictive densities, the point-as well as the interval forecasts of the total employment growth rates can be readily calculated for the current and the next quarters.
The BMA approach allows us to consider either all possible combinations of the regressors in our predictive exercise or to concentrate out a subset of the most likely models. According to the former approach, for model comparison one has to evaluate posterior probabilities for all the possible combinations of lags of Y and X. This may require a significant computational time. To get around this, we followed Madigan and Raftery (1994) and applied an approach of model selection based on Occam's window. According to this approach we exclude "(a) models that are much less likely than the most likely model-say 20 times less likely, corresponding to a BIC (or BIC') difference of 6; and (optionally) (b) models containing effects for which there is no evidence-that is, models that have more likely submodels nested within them. The models that are left are said to belong to Occam's window, a generalization of the famous Occam's razor, or principle of parsimony in scientific explanation. When both (a) and (b) are used, Occam's window is said to be strict, and when only (a) is used it is said to be symmetric" (Raftery, 1995, p. 146) . One can adjust the severity of model selection procedure by changing ratio in (a), and/or apply a strict rather than symmetric Occam's window.
Results

Estimation results for the full-sample: Equations (1) and (2)
Tables 3 and 4 present the BMA results using a symmetric Occam's window for now-and forecasts produced using Equations (1) and (2) 
for Model 2, apart from the intercept and the impulse dummy variable d94q2 that takes the value of one in 1994Q2 and zero otherwise 3 . Also notice that the first lag of the dependent variable Y τ −1 and the contemporaneous value of the KOF Employment Indicator X τ appear in every of 25 model specifications 2 Bayesian Model Averaging was carried out using the BMA package for R. Estimation of model parameters was carried out using the MCMCpack package for R. All optional parameters for these two packages were left at their default values.
3 The impulse dummy is needed to accommodate an outlier in actual employment growth rate in 1994Q2 that is not matched in the indicator time series, see Figure 1. within the selected Occam's window, as indicated by the value of 100 % per cents in the F requency column in Table 3 . This result suggests that the information from the business tendency surveys that is aggregated in the KOF Employment Indicator is useful for in-sample prediction of the employment growth rates in the current quarter. It remains to see whether this encouraging conclusion will hold also for predictions (nowcasts) made out of sample. Another encouraging result is that the first lag of the KOF Employment Indicator X τ −1 appears in second best model (Model 2). Moreover, its significance is also emphasized by rather high inclusion frequency of 40.2%, as reported in the F requency column in Table 3 . This suggests that the KOF Employment Indicator may be useful not only for nowcasts but also for one-quarter ahead forecasts made out of sample.
Similar conclusions may also be reached upon examining the estimation results of the forecasting equation (2), presented in Table 4 . Note that the number of model specifications selected for this equation is 21, that is somewhat lower than that for Equation (1). The model with the highest posterior probability of 0.258 has the following regressors: [Y τ −2 , X τ −1 ], apart from the intercept and the impulse dummy variable d94q2.
Moreover, observe that the first lag of the KOF Employment Indicator apppears in every of 21 model specifications selected in the Occam's window, as reported in the F requency column in Table 4 . All in all, this allows us to conclude that the KOF Employment Indicator has rather high informative in-sample content regarding the developments of the Swiss employment in the next quarter. Again, it remains to see whether this encouraging conclusion will hold also for predictions (one-quarter ahead forecasts) made out of sample.
Out-of-sample predictions
In this subsection, we discuss the results of the out-of-sample forecasting exercises that are summarized in Tables 6 and 7 for nowcasts using the ARDL equation (1) and its only autoregressive part, respectively, and in Tables 8 and 9 for one-step ahead forecasts using the ARDL equation (2) In this respect, we would like to reiterate that for evaluation purposes we use the real-time dataset of both the KOF Employment Indicator as well as the growth rates of total employment as the corresponding vintages of these variables were available at times now-and forecasts were made. For example, both nowcast and one-step ahead forecast for 2008Q4 were made using the corresponding vintages of data as available in 2008Q4 and in 2008Q3, respectively. This means that for appropriate data vintages the parameters of the 6 ARDL and the AR models were estimated using the sample periods from 1993Q4 till 2008Q3 for nowcasts and from 1993Q4 till 2008Q3 for one-step ahead forecasts, as implied by the lag structures of equations (1) and (2). Correspondingly, the values of regressors as they were available in 2008Q4 for nowcasts and in 2008Q3 for one-step ahead forecasts were used for prediction. The now-and forecasts produced with the help of the ARDL and the AR models are compared with the first official release of total employment, which they precede by two and five months.
As discussed in more detail below, the overall results are very encouraging. According to Table 5 , where the descriptive statistics of the real-time forecast errors is presented, inclusion of the KOF Employment Indicator either in nowcasting equation (1) or in forecasting equation (2) results in a substantial improvement in forecast accuracy compared to the performance of the benchmark AR model. For nowcasts, the values of the RMSFE and the MAFE criteria recorded for the autoregressive distributed lag model are by 29% and 37% lower than those values of the benchmark autoregressive model. For one-quarter ahead forecasts, the improvement is much more pronounced-the corresponding values are 51% and 53% for the RMSFE and the MAFE criteria. As expected, the RMSFE and the MAFE are higher for one-step ahead forecasts than those for nowcasts both for the ARDL and for the AR models. Based on the MAFE, we expect an average absolute prediction error of about 0.20 and 0.25 for nowcasts and one-step ahead forecasts, respectively, made by the ARDL model, and the corresponding average absolute prediction error of about 0.31 and 0.52-for the AR model. 
Conclusion
In this paper we evaluated the usefulness of the KOF Employment Indicator, derived from the business tendency surveys collected at the KOF Swiss Economic Institute, for out-of-sample prediction of the growth rates of (full-time equivalent) total employment in Switzerland. In particular, we capitalize on the fact that the business tendency surveys, reflecting current and future employment expectations of the firms in the current quarter, are available at least two months ahead of the first official release of the Swiss Statistical Agency (BFS). We conduct our exercise in real time, i.e., at each forecast origin we strictly use the only information that was available to a forecaster at that time. For this purpose, we constructed the real-time database that contains all the first official employment data vintages as released by the BFS starting from 2004Q4 till 2008Q3. The data vintages cover both the total employment figures as well as employment broken down by sectors. We use these sectoral employment data as the weights in constructing the KOF Employment Indicator in real time. We evaluate the presence of predictive content of the KOF Employment Indicator both for nowcasts that are published two months before the first official release and for one-quarter ahead forecasts published five months before the first official release.
We produce now-and forecasts of the employment growth rates for the current and the next quarters We expect the average prediction error of about 0.20 and 0.25 for nowcasts and one-step ahead forecasts, respectively, made by the ARDL model compared with the corresponding average prediction error of about 0.31 and 0.52-for the AR model. We also find a substantial evidence for systematic underpredictions of the AR model, which largerly disappears when the KOF Employment Indicator is included either in the nowcasting or in the forecasting equation.
The ARDL model produces not only more accurate point forecasts but also more accurate interval now-/forecasts than those produced by the pure AR model. The 95% predictive intervals of the former model are much more narrow than those of the latter model, but, at the same time, the actual value never falls out of the 95% bounds of the ARDL predictive interval. 8 1992 1993 1994 1995 1996 1997 1998 1999 -192.6 -191.9 -190.5 -190.3 -190.2 -190.2 -189.5 -189.3 -189. For the estimation window [1993Q4-2008Q4] , 25 models were selected, but only the best 10 models are presented (cumulative posterior probability = 0.718). For the estimation window [1993Q4-2008Q4] , 21 models were selected, but only the best 10 models are presented (cumulative posterior probability = 0.791). 
